Rising health care costs are a policy concern across the Organisation for Economic Co-operation and Development, and relatively little consensus exists concerning their causes. One explanation that has received revived attention is Baumol's cost disease (BCD). However, developing a theoretically appropriate test of BCD has been a challenge. In this paper, we construct a 2-sector model firmly based on Baumol's axioms. We then derive several testable propositions. In particular, the model predicts that (a) the share of total labor employed in the health care sector and (b) the relative price index of the health and non-health care sectors should both be positively related to economy-wide productivity. The model also predicts that (c) the share of labor in the health sector will be negatively related and (d) the ratio of prices in the health and non-health sectors unrelated, to the demand for non-health services. Using annual data from 28 Organisation for Economic Co-operation and Development countries over the years 1995-2016 and from 14 U.S. industry groups over the years 1947-2015, we find little evidence to support the predictions of BCD once we address spurious correlation due to coincident trending and other econometric issues.
in the United States and other OECD countries (Murthy & Ketenci, 2017; Murthy & Okunade, 2016) . Concurrently, there has also been a revival of interest in Baumol's "Cost Disease" (BCD). Nixon and Ulmann (2006) , upon failing to find a strong relationship between health expenditures and life expectancy, offered up "Baumol's disease" as an explanation, which relies on productivity differences in the health and non-health sectors. Since then, there has been renewed interest in the subject (Baltagi, Moscone, & Tosetti, 2012; Hartwig, 2008a Hartwig, , 2010 Hartwig, , 2011a Martins & de la Maisonneuve, 2006; Nordhaus, 2008) .
A key challenge in investigating BCD is the development of theoretically appropriate empirical tests. In this study, we build a new theoretical model based strictly on Baumol's (1967) axioms and derive testable propositions using observable variables. In particular, we derive comparative static results for (a) the share of total labor employed in the health care sector and (b) the ratio of prices in the health and non-health sectors. Using annual data from 28 OECD countries over the years 1995-2016 and from 14 U.S. industry groups over the years 1947-2015, we find that evidence for the existence of BCD in the health care industry is sensitive to model specification and disappears when more robust specifications and procedures are used.
The remainder of this paper is organized as follows: Section 2 introduces the original theoretical pillars of BCD and provides a review of previous empirical studies of BCD in the health sector. Section 3 presents our theoretical model, rooted in Baumol's (1967) axioms. Section 4 discusses our data and introduces some of the econometric issues that we address in our subsequent estimation. The empirical results are presented in Section 5, and Section 6 concludes.
| BCD AND THE HEALTH SECTOR

| Overview
The "Cost Disease" 2 was first discussed in Baumol and Bowen (1965) for the performing arts industry, generalized and formalized in Baumol (1967) , and later applied specifically to health care in Baumol (1993) . Baumol and Bowen's (1965) and Baumol's (1967) fundamental insight is demonstrated in a two-sector model in which one sector, by virtue of its production technology, enjoys regular productivity increases, whereas the other sector, by nature of its production technology, does not. In a discussion piece, Baumol (1993) followed the framework of Baumol (1967) and presented health care as a nonprogressive, labor-intensive sector whose demand continually increases without corresponding increases in output per man-hour. Because of sluggish productivity growth and little substitutability of capital for labor, real costs inexorably climb over time. Baumol's (1967) theoretical model is based on the following five fundamental premises: First, economic activities can be grouped into technologically progressive and nonprogressive sectors (henceforth, PS and NPS, respectively) in terms of their productivity growth rates. Second, the only input is labor. Third, labor is mobile between the two sectors. Fourth, equilibrium in the labor market causes nominal wages in the two sectors to be the same and grow at the same rate. Finally, nominal wages rise with productivity growth in the PS. On the basis of the above premises, Baumol (1967) derives two theoretical propositions: (a) "the cost per unit of output of the NPS will rise without limit over time, while the unit cost of the PS will remain constant" (p. 418) and (b) the labor share of the NPS will increase over time. In the limit, all labor in the economy will be employed in the NPS. Thus, BCD implies that the health care sector will consume an increasing share of the economy's resources and thus GDP. Further, it suggests that increases in costs over time are unavoidable because they are driven by productivity increases outside the health sector (Baumol, 1967 (Baumol, , 1993 Baumol & Bowen, 1965; Hartwig, 2008a; Towse, 1997) . These are concerning propositions because they imply that health care will be more and more expensive despite of (or, indeed, because of) a lack of productivity increases.
| BCD: Characteristics and propositions
| Tests of BCD for the health sector: Empirical review
Although the different presentations of BCD (e.g., Baumol, 1967 Baumol, , 1993 Baumol & Bowen, 1965) provide a theoretical framework for understanding the increasing size of the health care industry, the model is not formulated in terms of testable hypotheses. Previous studies attempting to revive and empirically test BCD employ a range of different empirical methods (e.g., Bates & Santerre, 2013; Hartwig, 2008a Hartwig, , b, 2010 Hartwig, , 2011a Nordhaus, 2008) . However, these studies have not provided a formal, theoretical model to link their approaches to BCD.
The first attempt to empirically test BCD using an estimable model is made by Martins and de la Maisonneuve (2006) . They incorporate BCD into a health expenditure forecasting model by regressing the growth of long-term health expenditures on the growth of labor costs (and other variables including income and demographics) across 30 OECD countries. This method has become known as the "labor cost" or "wage growth" approach. The authors report evidence of upward shifts in per capita long-term health expenditures due to a "cost-disease" effect. Hartwig (2011b) adopts a related approach that relies on the relative price of health care. Using country-level data from the OECD, he finds that health care expenditures are positively and significantly related to rising prices in the health sector.
Hartwig (2008a) introduces a "wage-productivity growth gap" approach that uses the difference between economywide wage and productivity growth rates to construct a "Baumol variable." In the spirit of Baumol's framework, if wage increases in the PS reflect productivity increases but wage increases in the NPS are only driven by equalization of wages across sectors, then wages in the overall economy will grow faster than overall labor productivity. Accordingly, this should result in higher health care expenditures. He finds confirming evidence in a panel of 19 OECD countries. A similar method is adopted by Colombier (2012) and Bates and Santerre (2013) for 20 OECD countries and 50 U.S. states, respectively.
Hartwig (2008b) relies on an "output-expenditure growth nexus" approach and finds that increases in health care spending reduce subsequent output growth. This is consistent with BCD because increases in health expenditures mean that resources have shifted to a sector with low productivity growth and, as a consequence, subsequent periods should experience reduced output growth.
Nordhaus (2008) presents a comprehensive analysis of what he calls "Baumol's diseases" using U.S. industry-level data. Specifically, he regresses industry-level variables such as price, nominal output, real output, wages, employment, and profits on industry-level productivity (expressing everything in logs). In this reduced-form approach, the spirit of BCD is immediately apparent as industry-level trends are driven by exogenous technological change. Consistent with BCD, Nordhaus finds that sectors that are relatively technologically stagnant experience rising relative prices and falling relative real outputs and employment. Hartwig (2010 Hartwig ( , 2011a replicates Nordhaus (2008) using Swiss and EU data, respectively.
Although each of the above studies links its empirical specification to the spirit of the BCD framework, they are not formally derived from a theoretical model based on Baumol's axioms. Further, they sometimes employ explanatory variables that are predicted by BCD to be endogenous. For example, the empirical specification in Hartwig (2008a) focuses on economy-wide wage growth, productivity growth, and employment growth. However, the theory presented in the paper does not derive predictions about these variables. Instead, it restates Baumol's prediction that the share of labor in the health sector will increase over time, which is not tested. With regard to endogeneity, Hartwig (2011b) uses the relative price of health care as an independent explanatory variable. However, Baumol's theory suggests that the relative price of health care is endogenous. Nordhaus (2008) and Hartwig (2010 Hartwig ( , 2011a do not suffer from these endogeneity problems, but their empirical analysis is again based on the spirit of BCD rather than being firmly grounded in Baumol's original work. For example, Nordhaus (2008) writes, "We […] investigate six diseases that might be associated with Baumol's analyses." (p.9, emphasis added). To the best of our knowledge, our study is the first to closely follow Baumol's (1967) framework in order to develop a directly testable model. Following Baumol (1967) , we start with a two-sector economy consisting of (a) a constant/stagnant productivity sector (representing health care) and (b) a technically PS. For the purposes of our analysis, the two sectors are, respectively, referred to as the health (H) and non-health (NH) sectors. Also like Baumol (1967) , we assume that the only input into production is labor. The production functions for the two sectors are then given by
| A THEORETICAL MODEL FOR TESTING BCD
where L H and L NH are the quantities of labor employed in the health and non-health sectors, and Y H and Y NH are the associated real outputs. Without loss of generality, we set labor productivity equal to 1 in the H sector and ϕ in the NH sector. As a result, ϕ measures relative productivity in the NH and H sectors, with ϕ > 1 indicating greater productivity in the NH sector.
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A key assumption, drawn from Baumol (1967, p. 419) is that demand for a sector's good is a constant share of the economy's total output, Y. Define k as the share of total output demanded as the NH good so that
Demand equal to supply in the NH sector implies that
As a result, the quantity of labor employed in the NH sector is given by
Total labor supply is given by L so that
It follows that
Equations 6 and 7 constitute two equations in two unknowns, L H and L NH , as functions of ϕ, k, and L, allowing us to solve for L H and L NH :
The labor shares of the two sectors are given by
and
It follows from Equation 11 that the health sector share of the labor force is positively related to the relative productivity of the NH sector, ϕ, and negatively related to demand for the non-health sector good, k:
3 Note that the subsequent model predictions do not require ϕ > 1, only that ϕ > 0.
Let w NH and P NH be the market wage and price level in the NH sector. The marginal product of labor in the NH sector (MPL NH ) is simply ϕ. If we assume that workers are paid their marginal product in the non-health sector, then
so that
Equilibrium in the labor market requires workers in the H sector to be paid the same:
Given the constant returns-to-scale production in the NH sector, profits in this sector are given by
Profits in the H sector are given by
If we impose the condition that competitive equilibrium in the health sector drives profits to zero, then it follows that P H = w H so that
In terms of relative prices, 19 can be expressed as a function of productivity in the NH sector:
and it is obvious that
If the parameter ϕ, which measures the relative productivity of labor in the NH sector, were observable, then the inequalities in (12) and (21) above would provide testable hypotheses of BCD, as both (L H /L), the share of labor employed in the health sector, and (P H /P NH ), the relative price indices of output in the health and non-health sectors, are not difficult to obtain. However, ϕ is frequently unobserved, or noncomparable, especially when working with cross-country data. Therefore, we reformulate the two consequences of the BCD model in terms of economy-wide productivity, PROD, which is observable.
Define economy-wide productivity as
Note that economy-wide productivity is a weighted average of productivity in the NH and H sectors,
and that both L NH L and L H L are functions of ϕ (cf. Equations 10 and 11). Thus, PROD = f(ϕ) and
We will demonstrate that
To prove the above, it is sufficient to show that ∂ϕ
It is straightforward to show that
so that ∂PROD ∂ϕ > 0 and thus ∂ϕ ∂PROD > 0.
The above analysis provides four implications of BCD that are testable using readily available data:
The economic intuition underlying the productivity results is as follows: Productivity increases in the NH sector cause fewer workers to be needed in this sector. As a result, workers are released to the H sector, and the H sector share of the labor force (L H /L) increases. At the same time, higher productivity in the NH sector raises wages there.
Equilibrium in the labor market causes these wage increases to spill over to the H sector. The resulting higher costs of production in the H sector drive prices up so that the ratio of prices in the H and NH sectors, (P H /P NH ), also rises. With respect to changes in sectoral demand, increases in the demand for NH sector goods increase employment in the NH sector while decreasing it in the H sector, thus decreasing (L H /L). Sector demand has no effect on the relative price of the output goods (P H /P NH ).
The above model incorporates all five properties that characterize Baumol's (1967) cost disease framework and generates hypotheses that are testable with observable data. 
| METHODS
Testing the BCD model requires data on the health sector share of the labor force, prices in the health and non-health sectors, productivity, and sectoral shares of total output. In our analysis, we generate non-health prices from the overall consumer price index and the health price index.
5 Using a precise measure of non-health prices is an improvement over previous studies, which rely on the GDP deflator instead (e.g., Hartwig, 2008a Hartwig, , b, 2011b . Productivity is measured as the ratio of GDP to the number of hours worked. Some of our specifications also control for health and demographic variables that can affect costs in the health care sector and may move contemporaneously with our key explanatory variables. Specifically, we include the age and gender composition of the population, life expectancy, infant mortality, and tobacco and alcohol consumption. GDP growth may have its own effect on the economy's price and input allocations and is positively associated with productivity. Therefore, we also include it to avoid omitted variable bias.
| Data
We were unable to obtain a comprehensive and consistent data set with health care prices for all OECD countries. Fortunately, the Eurostat Online Database 6 contains data for many OECD countries. All other variables in our country-level analysis were sourced from OECD Health Statistics, 2017. Our final sample covers the years 1995 to 2016 and includes data for 28 out of 34 OECD countries: Australia, Austria, Belgium, Canada, Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Italy, Luxembourg, the Netherlands, New Zealand, Norway, Poland, Portugal, Slovenia, Spain, Sweden, Switzerland, Turkey, the United Kingdom, and the US. As described in more detail in section 5.3, we also test BCD using an alternative dataset: U.S. industry-level data for 14 broad industries (including health care) for the years 1947 to 2015.
7 Table 1 reports descriptive statistics for our sample. The demographic and health variables display much variation across countries. In addition to the usual descriptive statistics (e.g., mean, standard deviation, minimum, and maximum) we also report the standard deviation for the demeaned series, where the variable values for each country are calculated as deviations from their country-specific mean. Given that some of our analyses employ country fixed effects (FEs), this measure gives a sense of the variation that remains when FEs are included in the specifications.
Figures 1 and 2 plot the two dependent variables that are the focus of our test of the BCD model. Figure 1 shows a time series of the share of total employment in the health sector (LHL) for the 27 countries for which we have data.
8 The country-specific LHL series are spread across four graphs to facilitate reading. The data are unbalanced, with an average number of 14.9 observations per country, and a minimum of 8 and a maximum of 22 observations per country. We do not identify individual countries in the graphs because including labels for 27 countries would make the graphs difficult to read, but also because the main point of these figures is to demonstrate heterogeneity in the LHL series across countries rather than focus on particular countries. It would appear that country FEs are warranted, given that the individual series have such different starting values. There is also clear evidence of trending behavior in the series. Most countries display a positive time trend, albeit with differing rates of increase, though some display a relatively flat trend, and a few trend downwards. The existence of time trends means that we need to be concerned about spurious correlation arising over time between variables.
We will control for time trends using two approaches. The first approach employs time FEs. Although this allows nonlinear time trends, it has the disadvantage of imposing the same time trend on all the country-specific series. As an alternative, we will also estimate country-specific (linear) time trends. Both approaches are designed to address omitted variable bias that could otherwise result in spuriously estimated relationships between variables. Figure 2 repeats the graphing exercise for PHPNH¸the ratio of prices in the health and non-health sectors. The ratio consists of two price indices, with both indices having 2015 as their base year so that the ratio takes the value 100 in that year. Note. The sample consists of annual data for years 1995-2013 from 28 OECD countries: Australia, Austria, Belgium, Canada, Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Italy, Luxembourg, the Netherlands, New Zealand, Norway, Poland, Portugal, Slovenia, Spain, Sweden, Switzerland, Turkey, the United Kingdom, and the US. PHPNH is calculated using the health price index and the overall consumer price index. LHL is the fraction of the total labor force employed in the health sector. PROD is measured as the ratio of GDP to the number of hours worked.
and a maximum of 21 observations. Most countries have 21 observations. As in the previous figure, the series are characterized by differing starting values and trending behaviors, which we will attempt to control for by using country FEs along with the two approaches for addressing time trends. Figure 3 reports individual country series for the key BCD variable, PROD. We again see that the series have different starting values and show substantial trending behavior. This highlights the importance of including controls for time trends lest we spuriously attribute a relationship between productivity and LHL and PHPNH simply because of coincident trending.
| Estimation Methods
We begin by using standard panel-data estimators for estimating Equations 29a through 29d. In particular, we use pooled ordinary least square (POLS), two-way fixed effects (2WFE), and FEs with country-specific linear time trends. In subsequent analyses, we address a set of estimation issues using recent panel time-series estimators including the panel-corrected standard error (PCSE) procedure (Beck & Katz, 1995) , mean group (MG; Pesaran & Smith, 1995) , 
PCSE is a quasi-Feasible Generalized Least Squares FGLS procedure that performs a Prais-Winsten transformation on the variables to address serial correlation and then parametrically adjusts the standard errors for cross-sectional correlation. The next three estimators-MG, CCEMG, and AMG-are designed, to varying degrees, to address heterogeneous slope coefficients, cross-sectional dependence, nonstationarity, and endogeneity in moderate-T, moderate-N panel data, such as our OECD dataset. All three procedures estimate country-specific regressions and have the option of including country-specific time trends. Coefficients are averaged across the country-specific regressions to get estimates of mean effects. The MG estimator differs from the CCEMG and AMG estimators in that it assumes that there is no cross-sectional dependence. The CCEMG and AMG estimators differ in how they control for unobserved factors. Appendix S1 provides further details about the MG, CCEMG, and AMG estimators.
| RESULTS AND DISCUSSION
| Baseline estimates
We begin by focusing on the productivity estimates. Our baseline estimates of the effect of productivity on the labor share of the health sector are reported in Table 2 . Three specifications are presented for each of three estimation procedures: POLS, 2WFE, and FE with country-specific time trends. The first specification includes the productivity variable plus a variety of demographic control variables. The second specification adds lifestyle variables (tobacco and alcohol consumption). The third specification adds a variable for economic growth.
The bottom of Table 2 reports a series of diagnostic tests and measures. We test the specifications estimated by (a) 2WFE and (b) FE with country-specific time trends for significance of the respective country and time variables ("Country and time effects"). We also separately test for homogeneity in time trends across countries ("Country time trends") where applicable. To measure goodness of fit, we use the Bayesian information criterion (BIC). The BIC allows one to compare specifications across regressions, with lower values indicating "better" specifications according to this diagnostic. Finally, we also include the results of Ramsey's regression equation specification error test (RESET). The RESET regresses the dependent variable on nonlinear combinations of its predicted values. It then performs an F test of joint significance of the predicted value terms. Failure to reject is consistent with the equation being correctly specified. Rejection of the joint hypothesis is an indication of misspecification.
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Our initial analysis is generally supportive of the BCD hypothesis. The POLS and two of the three 2WFE regressions find a positive and statistically significant relationship between productivity (PROD) and the labor share of the health sector. The one dissenting result is found in Column 4 where the PROD coefficient is smaller in size and statistically insignificant with a t-statistic equal to 0.66. However, when the specification includes country-specific time trends, the coefficients on the productivity variable decrease in size and become insignificant (cf. Columns 7-9). This finding is robust to the inclusion of the lifestyle (tobacco and alcohol consumption) and economic growth variables.
Recall that the rationale for including country-specific time trends was to control for coincident trending in the productivity and labor share variables. This rationale finds multiple supports. The hypothesis that the countries have homogeneous time trends ("Country time trends") is rejected at well below the 1% significance level. Further, the BIC values indicate improvement over the corresponding POLS and 2WFE specifications. For example, Column 7 has a BIC value of −1289.38 compared to −966.25 in Column 4. Similar results hold for comparisons of Columns 8 and 5, and Columns 9 and 6. These provide evidence that country FEs with country-specific time trends provide a better fit than country and year FEs, even after penalizing for the inclusion of additional variables.
Finally, the RESET fails to reject the null hypothesis of no misspecification in all three models with country-specific time trends (cf. Columns 7-9). The corresponding p values range from .116 to .626. In contrast, the hypothesis of no misspecification is rejected in every one of the POLS and 2WFE models (cf. Columns 1 through 6). As a result, we conclude that the evidence does not support the prediction of Equation 29a in our preferred specifications. 10 We note that the specifications reported in Table 2 use the logged value of LHL for the dependent variable, along with logged values for productivity, life expectancy, infant mortality, and alcohol and tobacco consumption. While we obtained identical qualitative results for specifications where the variables were not logged, the model specification (RESET) results were somewhat improved when the variables were logged. Note. 2WFE = two-way fixed effects; BIC = Bayesian information criterion; FE = fixed effects; GDP = gross domestic product; OLS = ordinary least squares; POLS = pooled ordinary least square; RESET = Ramsey's regression equation specification error test. The dependent variable is ln(LHL).
"POLS", "2WFE," and "FE with Country-Specific Time Trends" stand for OLS regression without fixed effects, OLS regression with fixed effects for country and year, and OLS regression with fixed effects for country and country-specific linear time trends. Unless otherwise indicated, numbers in parentheses report cluster-robust standard errors, with clustering by country. *Statistical significance at 10% level. **Statistical significance at 5% level. ***Statistical significance at 1% level.
Turning to the second prediction of the BCD model given by Equation 29b, there is no evidence that the health share of total employment (LHL) is negatively related to demand for non-health services, proxied by k. The coefficient on k is statistically insignificant in every column other than Column 7, where it is wrong-signed. As a result, we also do not find support for the BCD model's prediction that Table 3 , Columns 7-9 again demonstrate themselves to be relatively preferable. As in Table 2 , the BIC values for the regressions in Columns 7-9 are lower than their counterparts in Columns 4-6. This is reflected in their substantially higher adjusted R-squared values. Likewise, the hypothesis of time trend homogeneity across countries is rejected at significance levels well below 1%. And whereas the specifications in Columns 7-9 all fail the RESET, so do the specifications in Columns 1-6.
Note that we do not include k in the regressions reported in Table 3 , as Equation 29d predicts that this factor should have no effect on PHPNH. However, we added this variable to the specifications in a separate series of regressions. The results for k are excerpted from those estimates and reported in the last row of Table 3 . We cannot reject the null hypothesis that the coefficient on k equals zero, consistent with the BCD model's prediction that
bears emphasizing that failure to reject a hypothesis is not the same thing as acceptance.
| Panel time-series estimation
A number of empirical issues could potentially alter the preceding results. Our data are likely to be characterized by serial correlation because both the labor share and price ratio series are expected to be persistent over time. To check for serial correlation, we use a test for panel data developed by Wooldridge (2002) and discussed in Drukker (2003) . Cross-sectional dependence is also likely to be a problem because factors driving these variables in one country are likely to be present in other countries. To investigate cross-sectional dependence, we use a test developed by Pesaran (2004) . It has the advantage of being applicable to unbalanced data such as ours. Serial correlation and cross-sectional dependence cause inefficient estimates and biased standard errors (Sarafidis, Yamagata, & Robertson, 2009; Chudik & Pesaran, 2013; Sarafidis & Wansbeek, 2012; Moundigbaye et al., 2017) . Endogeneity constitutes another issue that could arise if there were factors that were common to both economy-wide productivity and the respective dependent variables, such as technology shocks in the health sector. And finally, nonstationarity may be an issue. In addition to generating spurious correlations, nonstationarity may overwhelm structural relationships, making them difficult to observe in the data. The top part of Table 4 reports the results of testing Models 7-9 in Tables 2 and 3 for serial correlation and cross-sectional dependence. As expected, all the specifications show strong evidence of serial correlation, with p values well below .01. Although not reported, when the models estimate a common AR(1) parameter, the associated values range from 0.4 to 0.5. Unfortunately, it is not possible to test for cross-sectional dependence in every specification. Although Pesaran's test allows for unbalanced data, it does require that there be sufficient time series overlap in the data series. For the specifications that include more explanatory variables, and hence fewer observations, this is a problem. Nevertheless, the evidence from Model 7 in both the LHL and PHPNH equations strongly indicates that the data are characterized by crosssectional dependence. As a result of these tests, we turn to panel time-series estimators-PCSE, MG, CCEMG, and AMG -that are designed to address problems of serial and/or cross-sectional dependence, as well as other econometric concerns such as nonstationarity and slope heterogeneity. Note. 2WFE = two-way fixed effects; BIC = Bayesian information criterion; FE = fixed effects; GDP = gross domestic product; OLS = ordinary least squares; POLS = pooled ordinary least square; RESET = Ramsey's regression equation specification error test. The dependent variable is PHPNH.
"POLS," "2WFE," and "FE with Country-Specific Time Trends" stand for OLS regression without fixed effects, OLS regression with fixed effects for country and year, and OLS regression with fixed effects for country and country-specific linear time trends. Unless otherwise indicated, numbers in parentheses report cluster-robust standard errors, with clustering by country. *Statistical significance at 10% level. **Statistical significance at 5% level. ***Statistical significance at 1% level.
The first four rows of the next panel in Table 4 report the productivity coefficients resulting from estimating Models 7 to 9 using these alternative estimation procedures ("Estimates of the Coefficient for PROD Using Alternative Estimation Procedures"). 13 Of the 22 coefficient estimates reported in the table, all but two are statistically insignificant, and the two estimates that are significant are negative and thus wrong-signed. The last four rows report coefficient estimates for k. As before, k was not included in the original PHPNH regressions, as the BCD model concludes that this variable does not belong. However, we ran a supplementary set of PHPNH regressions that included k, and those are the estimates reported in the table. There are 22 estimates, and all of them are statistically insignificant, consistent with the BCD model. Again, however, we emphasize that failure to reject the hypothesis that the coefficient equals zero is not the same thing as accepting that hypothesis.
In summary, after controlling for an assortment of econometric issues, we reach the same conclusion that we obtained in Tables 2 and 3 : We find little evidence to support BCD hypothesis for the health care sector.
| A further test
One concern with our OECD analysis is that the time period may be too short to measure long-run relationships. To address this concern, we expand our analysis and test the two BCD hypotheses using U.S. Bureau of Economic Analysis (BEA) data on 14 broad industry groups, including health care, over a 69-year time period from 1947 to 2015. In addition to the extended time period, the BEA data have the advantages of including both industry-level employment and prices. Nordhaus (2008) used this dataset in his test of the BCD hypothesis (see discussion above).
14 13 In the interest of brevity, we only report the productivity coefficient estimates and associated z-statistics. 14 Nordhaus (2008) uses the same 14 broad industry groups that we do as well as a more detailed industry classification. Unfortunately, BEA has recently changed their industry classification system and some of the subindustries used by Nordhaus have either been merged or redefined so we cannot use the same groupings. However, we take comfort in the fact that Nordhaus' results are not sensitive to the level of industry aggregation. Post-estimation tests from Tables 2 and 3 Note. The top part of the table reports results of testing for serial correlation and cross-sectional dependence following estimation of the respective models in Tables 2 and 3 . The specific tests are described in the text. The bottom part of the table reports the results of estimating the models using alternative estimation procedures. "PCSE" stands for Beck and Katz's (1995) panel-corrected standard error estimation. "MG," "CCEMG," and "AMG" stand for Pesaran and Smith's (1995) To accommodate our test for more than two sectors, we transform the previous analysis into a two-stage analysis. In the first stage, we estimate a panel of industry-specific equations: , 14, t = 1947, 1948, …, 2015, where PROD is defined as previously and L i L t and P i P t are the ratio of industry i's employment (L i ) and price level (P i ) to the economy's total employment (L) and overal price level (P), respectively.
In the second stage, we take the estimated productivity coefficients from the first stage regressions and regress them on a measure of industry-level "progressivity":
i = 1, 2, …, 14, where b α i and b β i are the estimated productivity coefficients from Equations 30a and 30b and PROD i is average productivity growth in industry i over the sample period. The multisector BCD predictions corresponding to Equations 29a and 29c are thus γ 1 < 0; and (32a)
The inequality in (32a) follows directly from the two-sector model of Equation 29a. According to (29a),
and thus ∂ L NH =L ð Þ ∂PROD <0. In the context of Equation 30a, that implies that α H1 > α NH1 , whereas PROD H < PROD NH . Thus, a two-sector regression of the health and non-health sectors where the estimated α i1 's are regressed on their productivities, PROD i 's, should produce a negative coefficient on the productivity variable if the BCD hypothesis is correct. The extension to more than two sectors/industries is straightforward. The relationship between the inequality in (32b) and (29c) is a little less direct. Appendix S2 demonstrates that
, where P is the economy-wide price level. That being established, the inequality in Equation 32b follows analogously to that in (32a).
As noted above, a number of econometric issues need to be addressed in the first stage panel estimation: slope heterogeneity (including industry-specific time trends), serial correlation, cross-sectional dependence, and possible nonstationarity. Accordingly, we employ the AMG estimator to obtain industry-specific productivity coefficients.
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The second stage cross-sectional analysis uses ordinary least squares with heteroskedasticity-robust standard errors to account for the fact that the dependent variable consists of estimated coefficients with different standard errors. Table 5 presents the results of our two-stage analysis. Although some industries accord with expectations in the industry-level estimates from the first-stage analysis-for example, health care experiences a rising share of employment and increasing relative prices when economy-wide productivity increases (Panel A)-overall, the relationships do not 15 We could not implement the CCEMG estimator for the BEA, industry-level dataset. The CCEMG procedure requires the use of cross-sectional averages of the dependent and independent variables to account for unobserved common factors. Unlike in our OECD analysis where economy-wide productivity differs across countries, Equations 30a and 30b use the same national productivity series across industries. Implementing CCEMG with this kind of set-up creates perfect multicollinearity between the independent variable and its cross-sectional average. differ significantly between slow-growing (nonprogressive) and fast-growing (progressive) industries (Panel B). This corroborates our cross-country, OECD analysis above.
| CONCLUSION
This study makes a number of contributions to the literature on BCD. We develop a theoretical model of BCD that provides an explicit link between the theory underlying BCD and estimated models. We propose new tests that capture the main characteristics of the BCD framework. Using a wide variety of model specifications and panel data estimators, we then implement these tests on a sample of 28 OECD countries over the period 1995-2016, as well as a sample of 14 U.S. industry groups over the years 1947-2015. Two key predictions of the BCD hypothesis are that productivity will be positively related to both (a) the share of labor in the health sector and (b) the ratio of prices in the health and non-health sectors. We find no evidence to support these predictions. Two additional predictions of the model are that the share of labor in the health sector will be negatively related, and the ratio of prices in the health and non-health sectors unrelated, to the demand for non-health services. We find no evidence to support the first prediction. Our results are consistent with the second prediction in that we cannot reject the hypothesis that the respective coefficient is zero. However, statistical insignificance is weak evidence that the true effect is zero.
It may be that the failure of the BCD model can be attributed to technology improvements and the resulting substitutability of capital for labor inputs in the health care sector. Recent innovations, such as computer-assisted surgery, are likely to lead to further departures from the original BCD framework. As a result, it may no longer be appropriate to 
Industry
Equation 30a
Equation 30b b α i1 b β i1
B. Second-stage results
Variable
Equation 31a
Equation 31b b γ 1 b δ 1
Industry productivity, PROD −0.5411 (−0.11) 33.3543 (0.64)
Note. AMG = augmented mean group; BCD = Baumol's cost disease; OLS = ordinary least squares. First-stage results report the productivity coefficients from estimating Equations 30a and 30b using the AMG panel estimator of Eberhardt and Teal (2010) . The dependent variables are industry employment shares and industry price ratios, respectively. The explanatory variables consist of a constant, economy-wide productivity and a time trend, all with industry-specific coefficients. The second-stage results report the results of estimating Equations 31a and 31b using OLS with heteroskedasticity-robust standard errors. Numbers in parentheses are z-statistics corresponding to coefficient estimates. *Statistical significance at 10% level.
**Statistical significance at 5% level.
***Statistical significance at 1% level.
think of the health sector as technologically "nonprogressive"-if it ever was. In any case, the findings of this study indicate that health care does not seem to be "trapped" in a dismal world of stagnant productivity and inexorably rising costs. 
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